Quantitative Analysis of Driving Factors of Grassland Degradation: A Case Study in Xilin River Basin, Inner Mongolia by Xie, Yichun & Sha, Zongyao
The Scientiﬁc World Journal
Volume 2012, Article ID 169724, 14 pages
doi:10.1100/2012/169724 The  cientiﬁcWorldJOURNAL
Research Article
Quantitative AnalysisofDriving Factors ofGrassland
Degradation: A Case Study in XilinRiver Basin, InnerMongolia
Yichun Xie1 and Zongyao Sha2
1Department of Geography and Geology, Eastern Michigan University, Ypsilanti, MI 48197, USA
2International School of Software, Wuhan University, Wuhan 430079, China
Correspondence should be addressed to Zongyao Sha, zongyaosha@yahoo.com.cn
Received 24 October 2011; Accepted 4 December 2011
Academic Editors: J. Dodson and B. T´ othm´ er´ esz
Copyright © 2012 Y. Xie and Z. Sha. This is an open access article distributed under the Creative Commons Attribution License,
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
Current literature suggests that grassland degradation occurs in areas with poor soil conditions or noticeable environmental
changes and is often a result of overgrazing or human disturbances. However, these views are questioned in our analyses. Based on
the analysis of satellite vegetation maps from 1984, 1998, and 2004 for the Xilin River Basin, Inner Mongolia, China, and binary
logistic regression (BLR) analysis, we observe the following: (1) grassland degradation is positively correlated with the growth
density of climax communities; (2) our ﬁndings do not support a common notion that a decrease of biological productivity is a
direct indicator of grassland degradation; (3) a causal relationship between grazing intensity and grassland degradation was not
found; (4) degradation severity increased steadily towards roads but showed diﬀerent trends near human settlements. This study
found complex relationships between vegetation degradation and various microhabitat conditions, for example, elevation, slope,
aspect, and proximity to water.
1.Introduction
Natural grasslands and savannas occupy nearly half of the
terrestrial globe [1, 2] and provide important services to
modernsocieties.However,grasslandsaresensitivetochang-
ing edaphic conditions, management regimes, and climate
and weather variables [3, 4]. With growing human popula-
tions and intensifying development, degradation of natural
grasslands has been observed in many regions of the world
and is a serious concern [5]. Therefore, understanding the
factors driving grassland degradation is increasingly critical
to the conservation and, in some cases, the restoration
of these fragile ecosystems [6, 7]. Studies on the driving
factors of grassland degradation can provide information for
understanding vegetation deterioration pathways and, thus,
maintain ecosystem functioning and services. Heras et al. [8]
identiﬁed soil quality, revegetation treatments, and climatic
conditions as main driving forces in a Mediterranean
dry environment. There is a need for adopting proactive
grassland conservation measures and for forecasting vege-
tation responses to future environmental changes [9]. It is
essential for policy makers to understand how vegetation
responses to environmental and social changes. However,
due to our limited understanding of these socioecological
systems when identifying potential drivers and their possible
vegetationresponses,policyinitiativesaimedatsustainability
in vegetation ecology may fail [10].
Grassland degradation may be a complex collection of
dynamic processes (e.g., desertiﬁcation, salinisation, soil
compaction, soil water-logging, wind erosion, water erosion,
etc.) [11, 12]. Evaluation of grassland health involves assess-
ing a large number of ecological attributes with a set of well-
deﬁned indicators, which are usually diﬃcult or costly to
measure [13]. One of these indicators is the “state” of grass-
land health [14]. A state usually includes one or more differ-
ent biological (including soil) communities that occur on a
particular ecological site and have three attributes (soil/site
stability, hydrologic function, and biotic integrity) [13].
For instance, a state may include diﬀerent plant commu-
nities that are connected by community pathways [15, 16].
Changes between states are referred to as “transitions.”
Unlike community pathways, these “threshold” transitions
are not reversible by simply altering the intensity or direction
of factors that produced the changes [13]. Diﬀerent patterns2 The Scientiﬁc World Journal
of vegetation transitions may reﬂect diﬀerent stages of
ecosystem stability [7, 17]. Based on the studies of the rela-
tions between ecosystem structure, function, degradation,
restoration,andtransition,Cortinaetal.[18]conﬁrmedthat
those aspects of an ecosystem were related to each other.
A plant community transition is often regarded as an indi-
cator of grassland degradation. Few studies, however, have
attempted to examine vegetation transitions with the pur-
pose of land restoration [19].
It is of practical interest to underpin causal relations
between vegetation degradation (transition) and their driv-
ing factors. Several studies developed plant functional-type-
based models to explore physical and biological mechanisms
between vegetation transitions and environments [20, 21].
Others used empirical models to investigate the causes of
vegetation degradation [22–24]. For example, Zhao et al.
[25] presented a composite index of VWR (vegetation water
ratio), combining land surface water index and enhanced
vegetation index, to facilitate an identiﬁcation of vegetation
transitions by simply comparing the values of VWR at dif-
ferent stages. It is noted that natural processes rarely cause
vegetation transitions, which are often induced by human
disturbances. In many cases, natural processes are intensiﬁed
by social factors, leading to vegetation degradation. Hence
social sciences should be integrated into these plant func-
tionalmodelsorempiricalmodelsinordertoconstructmore
eﬀective models to study grassland degradation [24]. There
is an urgent need to build causal diagrams of human-nature
interactions through interdisciplinary collaboration [26].
Based on literature reviews, ﬁve groups of factors are
identiﬁed to induce grassland degradation to noticeable
degrees.Theﬁrstgroupisthebiophysicalvariables,including
those reﬂecting global climate change [27]. The second
groupincludesthebotanic(orbiotic)variables.Amongthese
variablesareplantcoverandplantproductivity.TheNormal-
ized Diﬀerence Vegetation Index (hereafter NDVI) provides
ameasureofthegreennessofvegetation.NDVIoritsderived
forms mayindicate the productivity of vegetation [25].
The third group of variables deals with the impacts of live-
stock and wildlife. Increased grazing intensity is the most
signiﬁcant driving force of grassland degradation [28]. The
fourth group of variables describes socioeconomic devel-
opment and human interferences on grassland [29]. Land
degradation in the dry-lands is mainly expressed by a
reduction of biomass productivity, and it is also a manifes-
tation of unsustainable development often associated with
poverty [30]. Finally local habitat conditions, such as, water
accessibility, elevation, slope, and slope aspect, may aﬀect
grassland degradation.
It is worth pointing out that evaluating the driving for-
ces of change and projecting future changes requires a
commitment to methodological pluralism and critical inter-
pretationofsocialandenvironmentaldata[31].Forinstance,
studies of causal relationships between grassland transitions
and their driving factors were confronted with several
challenges. First, frequent or continuous vegetative time
seriesdataareneeded todetectvegetation transition patterns
[25]. Second, socioeconomic data synchronous with the
data of vegetation transitions rarely exist. Third, due to
the limitation of data availability, studies on grassland deg-
radation through vegetation transitions have been mostly
done on a plot basis [32]. Plot-based studies rely heavily
on ﬁeld surveys, which are too time-consuming and costly
to conduct for large areas, although they are eﬀective for
obtaining accurate vegetative data. However, new techniques
for vegetation data collection and mapping raise the possi-
bility of quantifying grassland properties remotely [33, 34].
Satellite platforms, in particular, oﬀer an eﬀective means of
collecting contemporary data over vast areas and in short
periods of times [35, 36]. The approaches based on remotely
sensed data have been increasingly applied in vegetation
transition studies [25, 37].
Here we describe a systematic approach for applying a
Binary Logistic Regression (BLR) model to explore grassland
degradation and its driving factors in the Xilin River Basin of
Inner Mongolia, China—representative of the world’s largest
contiguous terrestrial biome, the Eurasian steppe [38, 39].
Section 2 describes the data and analysis methodology. The
results of our analysis are provided in Section 3. Finally, our
ﬁndings and conclusions regarding vegetation degradation
are discussed in Section 4.
2.Study Area,Data,andMethods
2.1. Study Area. The Xilingol River Basin, situated between
43◦26  and 44◦29  North and 115◦32  and 117◦12  East, is
representative of the vast steppe of northern China [40].
More than 90% of the land in the region is covered by
grassland [5]. From southeast to northeast, the altitude
gradually decreases from 1608 to 902 meters above sea level
(Figure 1). The basin’s total area is about 10,000 square
kilometers (km2) and has an average annual temperature
range from 1 to 2◦C[ 41]. Annual mean precipitation is
around 300mm, 60–80% of which occurs between June and
August, coinciding with the highest temperatures (May to
September) [5, 42, 43]. The whole region is divided into
27 administrative units, including a Xilinhot urban area,
4 pastures, and 22 villages. Herd husbandry provides the
main income for local farmers. Over the last several decades,
the human population has grown and overgrazing is now
an important concern for local governments and ecologists
due to its vegetation degradation. Previous studies and
onsite surveys showed that continuous overgrazing imposes
a severe threat to the sustainability of this grassland.
The study region includes 11 vegetation communities
(as indicated by climax species) [44]. Two climax vegeta-
tion communities, that is, Stipa grandis (SG) and Leymus
chinensis (LC), are widely distributed over the study area
and consist of the local reference states [38, 45]. It has been
conﬁrmed through ﬁeld survey that SG and LC communities
were partially replaced by degraded vegetation communities
within the past two decades, most of which are Cleistogenes
squarrosa (CS) and Artemisia frigida (AF) [39]. For example,
on the Xier Plain, located at the middle to the upper reach
of the Xilin River, AF and CS almost dominate the area,
where the primary climax vegetation was supposed to be
SG and LC, indicating a signiﬁcant vegetation transition.
The transition of either SG or LC communities to any otherThe Scientiﬁc World Journal 3
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Figure 1: The research region.
vegetation community is deﬁned as grassland degradation in
this study.
2.2. The Data Sources and Analysis Methods. Four binary
logistic regression models were constructed and the depen-
dent variables of grassland degradation were described as
transitions of LC and AG to any other vegetation commu-
nities within two periods, 1985–1998 and 1998–2004 (Table
1(a)). Two sets of nine independent variables from two
years (1985 and 1998) were obtained (Table 1(b)). The ﬁrst
two independent variables indicating the biotic conditions
are the density of the base vegetation (DV) and the nor-
malized diﬀerence vegetation index (NDVI). The third in-
dependent variable is the average grazing intensity (AGI),
reﬂecting the impact of livestock. Two other independent
variables, the distance to road (DR) networks and the dis-
tance to settlement (DS) centers, are intended to reﬂect hu-
man disturbances. Finally the local habitat conditions are
described by four variables, elevation (ALT), slope (SLP),
slope orientation (ORI), and the distance to water (river)
body (DW).
The four dependent variables of grassland degradation
and two independent variables (DV and NDVI) are obtained
from Landsat ETM+ and TM image processing. Landsat
ETM+ images were used to classify the vegetation commu-
nities in 2004 [44], while Landsat TM images were processed
to create the vegetation cover maps in 1985 and 1998
[46]. Therefore, three vegetation cover maps at an almost
identical date in diﬀerent years (1985, 1998, and 2004) were
produced and the spatial distributions of SG and LC were
mapped (Figures 2(a) and 2(b)). The dependent variables
are generated through the change detection analysis. They
are binary, 1 indicating transitions of LC or AG to any other
degradedvegetationcommunitiesintwoperiods,1985–1998
and 1998–2004, and 0 denoting no transitions (Figure 3).
The density of base vegetation (DV) was computed on
the basis of the spatial distribution of SG and LC (of 1985 for
successionbetween1985and1998, andof1998 between1998
and 2004). A 7 × 7 density kernel (Figure 4)i sﬁ r s ta p p l i e d
to resample SG and LC (denoted by DK used in (1)) over the
study region, which ensures a continuous interpolation of
the density of the vegetation communities. This kernel places
more weight on the central pixel but assigns less weight to
adjacent pixels according to Tobler’s ﬁrst law of geography
“things that are closer are more alike” [47, 48].
The density function is deﬁned as
DVij =
i+3 
i =i−3
j+3 
j =j−3

Pi j  ×DKi j 

,( 1 )
where DVij is the DV value for the current pixel (i, j) in the
density image vegetation communities (SG or LC), i  and
j  are the relative coordinate locations of the pixel, Pi j  is
a binary DV value (1 when the pixel is covered by the base
vegetation type (SG or LC) and 0 when covered by other
typesofvegetationcommunities)ofthepixellocatedati  and
j ,a n dD K i j  is the kernel density value. The relative value of
DVij, which has a minimum value of 0 and maximum 90,
takes into consideration the nearby vegetation communities.
When it equals the maximum value of 90, it indicates that
all pixels within the sampling window are SG (or LC). On
the contrary, the minimum value of 0 indicates that all pixels4 The Scientiﬁc World Journal
Table 1: Candidate variables and the succession cases.
(a) Variables used to ﬁt the probability of vegetation successions by BLR
Variable abbr. Description Minimum Maximum Mean Std. dev
†NDVI85
Normalized diﬀerence vegetation index
in 1985
−0.22 0.59 0.19 0.07
†NDVI98
Normalized diﬀerence vegetation index
in 1998
−0.21 0.66 0.16 0.06
†DV(SG 85) Density of vegetation LC in 1985 0.00 90.00 52.91 29.63
†DV(SG 98) Density of vegetation LC in 1998 0.00 90.00 66.01 20.62
†DV(LC 85) Density of vegetation SG in 1985 0.00 90.00 12.62 21.59
†DV(LC 98) Density of vegetation SG in 1998 0.00 80.00 5.84 11.14
‡DS (km) Distance to village settlement center 0.00 8.10 3.53 0.59
‡DR85 (km) Density of road in 1985 0.00 2.10 1.40 1.22
‡DR98 (km) Density of road in 1998 0.00 2.05 1.17 1.18
‡DW (km) Distance to water (river) body 0.00 2.55 0.87 0.73
♀SLP (degree) Slope in degree 0.00 66.00 4.79 6.30
♀ORI (degree) Orientation from North in degree 0.00 180.00 76.46 59.00
♀ALT (m) Altitude in meters 902.00 1608.00 1160.81 73.91
AGI(85–98)
(sheep/km2)
Average grazing intensity during
1985∼1998 25.95 92.57 74.32 23.69
AGI(98–04)
(sheep/km2)
Average grazing intensity during
1998∼2004 79.28 170.12 120.69 18.88
(b) Dependent variable (vegetation succession) description
Case no. Succession Type Period Description
1 SG to CS/AF 1985∼1998 Vegetation succession from SG to CS/AF during 1985∼1998
2 SG to CS/AF 1998∼2004 Vegetation succession from SG to CS/AF during 1998∼2004
3 LC to CS/AF 1985∼1998 Vegetation succession from LC to CS/AF during 1985∼1998
4 LC to CS/AF 1998∼2004 Vegetation succession from LC to CS/AF during 1998∼2004
Data extracted from †: Landsat imagery and the ground truthing is referred to Xie et al. [46] and Sha et al. [44]; ♀: digital elevation model; ‡:r o a d
network map, annual economic statistics of the local governments and Landsat imagery; : annual economic statistics of the local governments.
within the window are ﬁlled with other vegetation types.
Generally,thelargerthevalueis,thegreaterthechanceisthat
the vegetation community is SG or LC. Therefore, the maps
produced by (1) are referred to as the base vegetation cover
density. Since there are the two periods (1985∼1998 and
1998∼2004) and two vegetation communities considered, 4
density distribution maps (DVSG-1985,D V SG-1998,D V LC-1985,
and DVLC-1998) can be produced, which are shown in Figures
2(c), 2(d), 2(e),a n d2(f),r e s p e c t i v e l y .
NDVI is an indicator of vegetative greenness. The use of
NDVI in studying vegetation changes has a long history in
large area ecological research [25]. NDVI is calculated using
a near infrared and red spectral band from Landsat TM data
for 1985 and 1998, respectively:
NDVI =
NIR −RED
NIR+RED
. (2)
The average grazing intensity (AGI) is computed based
onanextensiveﬁeldsurveyconductedin2004.Thestatistical
data of grazing intensity at the village level on a yearly
basis (from 1985 to 2004) were systematically collected from
the local village committees. There are ﬁve recorded animal
species, that is, sheep, horse, buﬀalo, camel, and donkey.
Because diﬀerent animals have varied impacts on grass con-
sumption and vegetation damage, each of the animals is
converted to a standard unit, the sheep unit, to compute the
grazing intensity. Based on the survey with the local herds-
men, an average grazing intensity (AGI) is calculated on the
basis of the following equation:
AGI =
5 
i=1
Ci ×Ni,( 3 )
where Ci is the coeﬃcient for animal i,a n dNi is the total
number of the animal. To determine each coeﬃcient of Ci,
a questionnaire survey was done and the answers from the
local farmers were synthesized to compute the coeﬃcient.
Speciﬁcally, one horse is equivalent to 6 sheep and thus is
multiplied by 6 to transform into the sheep unit. From the
same survey, cattle, camel, and donkey are multiplied by 5,
7, and 3, respectively. As a result, the average AGI during
the period of 1985 to 1998 is noted as AGI85–98. Similarly,
AGI98–04 is the averaged value of AGIs from 1998 to 2004.
As shown in Table 1, the average grazing intensity during
1998∼2004 almost doubles that during 1985∼1998.
The road network is mainly derived from the topograph-
ic data and local road maps, with quality checking usingThe Scientiﬁc World Journal 5
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Figure 2: The base vegetation community maps and the density of vegetation communities.6 The Scientiﬁc World Journal
(a) SG transition during 1985∼1998 (b) LC transition during 1985∼1998
(c) SG transition during 1998∼2004 (d) LC transition during 1998∼2004
Figure 3: Spatial distributions of vegetation successions of SG and LC. Red: occurrence of vegetation transitions; white: nonoccurrence of
vegetation transitions.
the TM and ETM+ images. The road network was also
checked during the ﬁeld survey in 2004. Settlement centers
and water bodies (rivers) were derived from a similar
approach as the road network. The ERDAS analysis function
“SEARCH” was applied to create the three maps for DR, DS,
and DW, respectively, with three vector layers showing the
road network, water bodies (river), and village settlement
centers.
The remaining independent variables reﬂecting local
habitat conditions were computed from a digital elevation
model (DEM) at a scale of 1:25,000. The DEM was resam-
pled to create a new DEM at the spatial resolution of 30 ×
30m so that the new DEM had the same spatial resolution
as the vegetation community maps. This resampled DEM
was then used to generate three topographical maps of
elevation (ALT), slope (SLP), and slope orientation (ORI).
Considering the sensitivity of vegetation growth in certain
sunshine directions, the original aspect value (OLDORI)
derived from DEM is further orientated with the following
equation:
NEWORI = 360 − OLDORI,i f O L D ORI > 180. (4)
This transformation (4) indicates that the incident sun
direction was an important factor for green grass growing
and thus provides a better indicator to impact vegetation
transition than the original aspect.
2.3.BinaryLogisticRegressionModel. BinaryLogisticRegres-
sion (BLR) is a type of predictive modeling that tries to
predict the binary probability of an outcome, for example,
the occurrence or nonoccurrence of an event. In this study,
BLR model was applied to ﬁt the relationships between the
dependent variable, the occurrence of vegetation degrada-
tion at any location (pixel i), and the independent variables
listed in Table 1. A total of 5,000 samples labeled with oneThe Scientiﬁc World Journal 7
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Figure 4: Filter kernel for density mapping.
of two climax vegetation communities (SG or LC) were
randomly chosen independently for each model. For exam-
ple, let us take 5000 pixels labeled as “SG” in the year of
1985 as shown in Figure 2(a) to analyze SG degradation
during 1985∼1998. Four ﬁfth out of all the selected samples
were randomly selected to build a BLR model while the rest
werekeptforvalidation.Theprobabilityofhavingvegetation
degradation (or SG transition to another vegetation type) at
any location (pixel) was estimated by
ln

p

y = 1 | X

1 − p

y = 1 | X


= β0 +
n 
i=1
βiχi,( 5 )
where p means the probability of occurrence (y), that is,
the probability of having SG transition during 1985–1998.
1 − p is the opposite probability, that is, nonoccurrence
of SG transition. xi is the independent variables. β0 and
βi (i = 1,2,...,n) are the estimated parameters, and p(y =
1 | X) is the probability that y takes the value 1, given the
vector of independent variables X.T h eq u a n t i t yp(y = 1 |
X)/(1 − p(y = 1 | X)) is referred to as the odds, whereas
ln[p(y = 1 | X)/(1 − p(y = 1 | X))] is called the logit.
The same approach has been taken for the SG transition
during 1998–2004, as well as the LC transitions during
1985–1998 and 1998–2004. Therefore, four BLR models of
vegetationdegradation wereobtained. Inaddition, twomore
tries of building these BLR models were tested to validate the
applicability of these models by introducing two additional
sets of 5000 randomly selected samples from each base
vegetation map and for each model, respectively. Similar
results in terms of the coeﬃcients (βi, i = 0,1,2,...,n)i n
the models and the prediction accuracies of the models were
obtained. Little variation (within 5.0%) was noticed among
all of the three trials in terms of the value of each of the
coeﬃcients and the overall prediction accuracy.
The unstandardized logit coeﬃcient, that is, the β in
(5) measures the absolute contribution of a variable in de-
termining the probability that a particular vegetation deg-
radation occurred. However, this information may be mis-
leading when the unit adopted is not consistent from
variable to variable as a result of disparities in units and
scales of measurement. Thus, prior to performing a logistic
regression, we standardized the independent variables with
zero mean and the unit standard deviation, using the for-
mula:
x
 
i =
xi −xi
σx
,( 6 )
where x
 
i is the standardized value of a variable, xi the value
of the original variable, xi the mean, and σx the standard
deviation of the original variable.
Aftersubstitutingxi withx
 
i in(5),theresultoftheregres-
sion can be expressed in terms of conditional probability at
any spatial location (pixel i) to be predicted:
pi =
exp

β0 +
	n
i=1βiχi


1+e xp

β0 +
	n
i=1βiχi
. (7)
The probability pi of vegetation degradation at a location i
in the study region could be calculated according to (7). It is
a straightforward computation based on (7)t om a k eap r o b -
ability map of vegetation degradation over a given region
when the required variables for the model are available.
3. The Results
Regression models were run using the SPSS forward likeli-
hood ratio (LR) method (see http://www.ats.ucla.edu/stat/
spss/examples/alda/default.htm). The relative contributions
of the independent variables to vegetation degradation are
expressed by the “odds ratio”, exp(β). An odds ratio greater
than 1 indicates a positive eﬀect. In other words, the odds
of vegetation degradation increase by 1 standard unit with
a unit increase in an independent variable. An odds ratio
smaller than 1 indicates a negative relationship, which means
that an increase in the independent variable decreases the
odds of vegetation degradation, whereas an odds ratio of 1
indicates that the odds of vegetation degradation is neutral
to an increase in the independent variable.
3.1. Spatial and Temporal Patterns of Vegetation Transitions.
Two dominant vegetation communities, Stipa grandis (SG)
and Leymus chinensis (LC), are widely distributed in the
study area as reﬂected on the base vegetation community
maps shown in Figures 2(a) and 2(b). Statistical analyses of
these two maps revealed that SG or LC amounted to more
than 50% of the total area. Patches labeled with LC occupied
25.9% in 1985 and 22.0% in 1998, while SG displays even
wider distributions, 39.9% in 1985 and 34.9% in 1998. From
1985 to 1998, the areas covered by LC and SG all decreased
by 3.9% and 5.0%, respectively. Four density maps (Figures
2(c), 2(d), 2(e),a n d2(f)) are derived from Figures 2(a) and
2(b). The density maps of LC and SG showed a slightly
decrease in 1998 (Figures 2(d) and 2(f)) when compared
with the density maps in 1985 (Figures 2(c) and 2(e)), which
demonstrated a certain degree of vegetation degradation
from either SG or LC to other vegetation communities over
this study period.8 The Scientiﬁc World Journal
Table 2: Results of BLR analysis for SG succession.
Variable β S.E. (β) Sig. Exp (β)
95.0% C.I. for Exp(β)
Lower Upper
(a) During 1985∼1998
DVSG-85 .022 .003 <.001 1.017 1.017 1.028
AGI8–98 −.016 .004 <.001 .976 .976 .993
DR85 −.115 .012 <.001 .891 .832 .945
ALT .122 .021 <.001 1.130 1.116 1.214
DS −0.109 0.23 <.001 0.890 0.877 0.913
∗SLP
∗ORI
∗NDVI85
∗DW
Intercept −1.912 .706 <.001 .148
(b) During 1998∼2004
DVSG-98 .040 .003 <.001 1.041 1.036 1.046
AGI(9–04) .109 .002 .031 1.115 1.000 1.208
DR98 −.161 .021 <.001 .851 .800 .889
ALT .191 .019 <.001 1.210 1.112 1.277
∗SLP
∗ORI
∗NDVI98
∗DW
∗DS
Intercept −14.411 .853 <.001 .000
Hosmer and Lemeshow Goodness-of-Fit Test: Chi-square = 1.802, Pr > Chi-square = .213
n = 4000.
Maximum likelihood estimate of the parameter. S.E. (β): estimated standard error of the parameter estimate; Wald χ2: Wald chi-squared statistic; Sig.: P value
of the Wald chi-squared statistic; Exp(β): odd ratio.
∗variables excluded by the logistic regression model after the run.
C.I.: conﬁdence intervals.
The cut value is 500.
Based on the vegetation cover recorded for three dates
(1985, 1998, and 2004), actual vegetation transition maps
were produced (Figure 3). Visual interpretation of the spa-
tial distribution of the vegetation transitions showed that
transitions were not evenly distributed over the study area
and that signiﬁcant transitions occurred at the middle or
southern part of the region. Though this distribution might
be correlated with the distribution of the base vegetation
communities (SG and LC), other factors need to be further
examined to understand how they aﬀect the vegetation
degradation process.
3.2. Driven Factors of Vegetation Successions. On the basis of
the signiﬁcance levels of the model coeﬃcients and Good-
ness-of-Fit tests (Pr > Chi-square is greater than 0.05 for
all cases) (Tables 2 and 3), the BLR models performed
well explaining the probability of vegetation transition, and
their ﬁtted models showed moderate predicting accuracy
(over 75.0% for all models, Table 4). One of the biggest
contributorstothevegetationtransitionisthedensityofbase
vegetation communities (DVSG and DVLC). DVSG and DVLC
in both periods (1985–1998 and 1998–2004) showed signiﬁ-
cantly positive correlations with the occurrence of vegetation
degradation (indicated by the value of Exp(β), and the odds
ratio in Tables 2 and 3). This ﬁnding is somewhat opposite
to the ﬁndings about grassland degradation conducted by
others, which suggest that degradation often happens in
r a n g e l a n do fp o o rh e a l t h[ 49].
Another factor picked up by the BLR models is the graz-
ing intensity. It is commonly reported in current literature
that the increase of grazing intensity leads to intensiﬁed
grassland degradation [50, 51] and decreased ANPP and
speciesrichness[52].AlthoughthreeoutoffourBLRmodels
reached a similar ﬁnding, the SG transition during the
periodof1985∼1998showedanegativerelationshipwiththe
increaseofgrazingintensity.Inotherwords,itcouldbeinter-
preted that SG showed less degradation during 1985–1998
when the grazing intensity increased (Table 2(a), Exp(β) =
0.976). Our analysis points out that there exist complex
relationships between grazing intensity and grassland degra-
dation. As can be seen from the statistical result of the data
(Table 1), the grazing intensity over the study region duringThe Scientiﬁc World Journal 9
Table 3: Results of BLR analysis for LC succession.
Variable β S.E. (β) Sig. Exp (β)
95.0% C.I. for Exp(β)
Lower Upper
(a) LC succession: during 1985∼1998
DVLC-85 0.040 0.003 <0.001 1.041 1.035 1.046
AGI(85–98) 0.013 0.005 0.005 1.013 1.004 1.022
DR85 −0.123 0.021 0.007 0.884 0.801 0.923
ALT 0.006 0.001 <0.001 1.006 1.005 1.008
DS −0.201 0.027 <0.001 0.818 0.779 0.900
∗SLP
∗ORI
∗NDVI85
∗DW
Intercept −13.830 1.015 <0.001 0.000
Hosmer and Lemeshow Goodness-of-Fit Test: Chi-square = 9.712, Pr > Chi-square = 0.286
(b) LC succession: during 1998∼2004
DVLC-85 0.047 0.002 <0.001 1.048 1.043 1.052
AGI(98–04) 0.088 .019 <0.001 1.092 1.090 1.095
DR98 −0.098 0.011 <0.001 0.907 0.872 0.974
ALT 0.018 0.001 <0.001 1.018 1.008 1.010
∗SLP
∗ORI
∗NDVI98
∗DW
∗DS
Intercept −15.420 0.783 <0.001 0.000
Hosmer and Lemeshow Goodness-of-Fit Test: Chi-square = 11.867, Pr > Chi-square = 0.157
n = 4000.
Maximum likelihood estimate of the parameter. S.E. (β): estimated standard error of the parameter estimate; Wald χ2: Wald chi-squared statistic; Sig.: P value
of the Wald chi-squared statistic; Exp (β): odd ratio.
∗variables excluded by the logistic regression model after the run.
C.I.: conﬁdence intervals.
The cut value is 500.
1998∼2004 (averaged 120.7sheepunit/km2)n e a r l yd o u b l e d
that during 1985∼1998 (averaged 74.3sheepunit/km2). SG
was more resilient to degradation when the grazing level
was low while LC was more vulnerable to the intensiﬁcation
of grazing. The probability of the LC degradation increased
by 1.12 and 1.10 over both periods (1985∼1998 and 1998∼
2004), respectively (Table 3). Our ﬁnding also suggests that
the average grazing intensity (AGI) at current level could
have exceeded the carrying capability of the grassland
ecosystems, as the degradation is a common phenomenon
over the entire study area at present.
The contribution that the road network makes to the
vegetation degradation can be seen from Tables 2 and 3.
The density of the road network had a signiﬁcant impact
to the degradation of both SG and LC over the periods of
1985∼1998 and 1998∼2004. On average, an increase of the
distance to the nearby road by 1 distance unit (i.e., 1.4km in
1985∼1998 and 1.2km in 1998∼2004, see Table 1)d e c r e a s e s
the odds of SG degradation by a factor of 0.89 and 0.80
during the two periods, respectively. Similarly, an increase of
the distance to the nearby road network by 1 distance unit
decreases the odds of SG degradation by a factor of 0.80 and
0.87, respectively.
The variable of DS is an indicator that describes possible
impact of human disturbance on vegetation degradation.
DS was negatively related to the probability of both SG and
LC degradations during the period of 1985∼1998 (Tables 2
and 3). An increase of DS by 1 distance unit (i.e., 3.5km)
decreased the odds of SG and LC degradation by 11%
and 22% during this period, respectively. However, during
the other period of 1998∼2004, DS was excluded by BLR
models, indicating that the distance to DS was no longer a
signiﬁcant factor for predicting the probability of vegetation
degradation. It was reported that human activities had
a complicated impact on vegetation dynamics, depending
on spatial and temporal scales at which assessments were
conducted [53]. In addition, it was conﬁrmed through our
ﬁeld survey that many settlement centers appeared during
1998∼2004 due to rapid socioeconomic growth in the study
region. Many of these newly developed settlement centers10 The Scientiﬁc World Journal
Table 4: Classiﬁcation test of BLR models.
Observed
Predicted
Fitting cases Validation cases
Succession Percentage
correct
Succession Percentage
correct Yes No Yes No
(a) SG succession: during 1985∼1998
Succession Yes 1812 187 90.6 411 57 87.8
No 434 1567 78.3 188 344 64.7
Overall
percentage 84.5 75.5
(b) LC succession: during 1985∼1998
Succession Yes 1405 160 89.8 245 43 85.1
No 534 1901 78.1 174 538 75.6
Overall
percentage 82.7 78.3
(c) LC succession: during 1998∼2004
Succession Yes 1201 134 90.0 199 50 80.0
No 456 2209 82.9 174 577 76.8
Overall
percentage 85.2 77.6
(d) SG succession: during 1998∼2004
Succession Yes 789 144 84.6 142 33 81.1
No 506 2561 83.5 187 642 77.8
Overall
percentage 83.8 78.4
The cut value is 500.
were not primarily dependent on grazing. Therefore, the
impact of DSs on grassland degradation was signiﬁcantly
reduced during the second study period.
The impacts of the topographical factors on grassland
degradation showed complex patterns. Elevation was the
sole factor that signiﬁcantly correlated with the occurrence
of vegetation degradation based on the BLR models. High
degradation probabilities of both SG and LC took place
largely in the areas with high elevations. In the middle and
upper reaches of Xilin river (south-east part) where the
elevations are higher than other places, vegetation degra-
dations were widely noticed (Figure 3). However, the other
topographical factors of aspect and slope were excluded by
all BLR models. Our null hypothesis that the topographical
factors, aspect and slope, might aﬀect the degradation
occurrence was rejected by the result.
ValidationoftheabovemodelsisgiveninTable 4.Forthe
selected sites used to build the models, the overall accuracies
for SG and LC degradation are 84.5% and 82.7% during
1985∼1998, and 85.2% and 83.8% during 1998∼2004,
respectively. For the validation sites, the overall accuracies
for SG and LC degradation are a little lower, which is 75.5%
and 78.3% during 1985∼1998, and 77.6% and 78.4% during
1998∼2004. The results demonstrate that the ﬁt models can
generally be used to predict vegetation degradation over the
study area with a moderate prediction accuracy (over 75%).
Based on the BLR models, four maps showing the prob-
abilitiesofthevegetationdegradation(i.e.,SGandLCdegra-
dations during 1985∼1998 and 1998∼2004) are produced.
The pixel value in the maps shows the modeled probability
of vegetation degradation over the study area (Figure 5).
When compared with the observed incidences of vegetation
degradation (Figure 3), the probability maps have assigned
relatively high probability values to the locations where the
vegetation degradations were actually observed, indicating
that the ﬁt models were useful for predicting vegetation
degradation. With an increasingly improved access to latest
natural and socioeconomic data, it is feasible to update these
degradation maps for the purpose of prediction and for best
practices of grassland (ecological) management.
4. The Discussionand Conclusion
Grassland degradation has been regarded as an important
indicator of grassland ecosystem health. However, there are
limited researches dealing with the relationship between veg-
etation degradation and its driving factors (both natural and
socioeconomic) that may inﬂuence the degradation path-
ways. Researches on grassland degradation have a twofold
practical application, identifying possible driven forces that
cause and accelerate the degradation processes, and provid-
ing scientiﬁc data for making informed decisions in order to
change the degradation pathways in the direction of keeping
grassland ecology sustainable.
4.1. How Vegetation Degradation Responds to Various Driving
Factors. There are four important ﬁndings regarding the re-
sponses of vegetation degradation to various driving factors.The Scientiﬁc World Journal 11
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Figure 5: Probability mapping of vegetation transitions.
First, grassland degradation has shown a strong positive
correlation with high density or productivity of climax
communities. This ﬁnding might be contradictory to natural
ecological processes but is a tragic outcome of human greed
of seeking maximum proﬁt. Under the eager of catching
up with economic booms and enjoying material wealth,
herdsmen made their best bets in most productive grassland
in order to have maximum investment returns. Second, the
decrease of biological productivity (NDVI in our case study)
cannot be simply regarded as a direct indicator of grassland
degradation. NDVI showed no signiﬁcant relationship with
vegetation degradation in this study. Similar studies on
vegetation degradation did show that the indexes (NDVI
and other forms) derived from remotely sensed imagery
exhibited signiﬁcant spatial and temporal correlations with
vegetation degradation [54]. The diﬀerent ﬁnding from our
research was largely attributed to the fact that heavy (or
excessive) grazing and subsequent degradation occurred in
climax plant communities with high productivity.
Third, a causal relationship between grazing intensity
and grassland degradation only holds when grazing intensity
reaches a certain threshold (or a balance point). This thresh-
old also varies with diﬀerent plant communities. Under this
threshold of grazing pressure (e.g., SG during 1985∼1998),
SG was resilient to degradation. However, due to the lack
of yearly data and longitudinal data (before 1985), we were
not able to identify the threshold values of grazing intensities
for SG or LC degradation. It will be an important piece of
future research to establish grazing intensity threshold values
for various plant communities so that grassland strategic
conservation plans could be made on the basis of scientiﬁc
data about grazing intensity or grassland bearing capacity.
Fourth, complicated relationships have been found be-
tweengrasslanddegradationanddirecthumandisturbances.
The development of road network was a leading cause of
grassland degradation, which was consistent with our ﬁeld
observations. Degradation severity increased steadily to-
wards road network. However the impact of human settle-
ments on grassland degradation showed a clear temporal
change. Earlier settlements served primarily for animal hus-
bandry and were closely linked grazing activities and thus
had signiﬁcant impact on grassland degradation. Newly12 The Scientiﬁc World Journal
villagecentersandtownshaveplayedmorerolesaseconomic
or urban centers and their direct impacts on grazing have
been reduced.
4.2. Policy Implications for Preventing Vegetation Degradation
in the Study Region. Overgrazing occurred widely in the
studyarea.Withthisinmind, therehavebeenareasoffenced
grazing, which were excluded in our case study. It is believed
that such practices could be expanded over larger areas as
an eﬀective measure to protect grassland vegetation and
prevent degradation [55]. Another phenomenon is the fast
development of the unplanned road network. As evidenced
in our ﬁeld investigation, wherever a road was extended, the
grassland was destroyed adjacent to the road. On the other
hand, a road, if well planned, could not only bring more
convenience to the local population but also be ecologically
beneﬁcial because roads extended to remote areas allow the
rapid movement of animals to balance grazing intensity over
a large region. This may reduce overgrazing in one area
whileotherareasremainungrazed.Unfortunately,becauseof
immediate economical incentives, the development of roads
was unevenly distributed, making vegetation degradation
even worse since these were concentrated near town or resi-
dential centers, or current husbandry centers where severe
degradation (vegetation degradation) had already occurred.
Therefore, more attention should be given to protect vege-
tation communities near the areas along roads, for example,
establishing vegetation conservation zones, and to construct
road networks in remote areas.
Humandisturbance,mainlyindicatedbythevariableDS,
isanimportantfactorthatstimulatedvegetationdegradation
in the period of 1985∼1998. However, this phenomenon was
not obvious in the later period, 1998∼2004, even when more
settlement centers were established. The diﬀerence of DS
impact upon vegetation degradation is attributed to better
vegetation protection measures near villages in the second
period. Therefore, a policy of protecting vegetation patches
that are under severe degradation around older settlements
is eﬀective. The implication of this policy is that a rigorous
eﬀort should be made to limit unplanned expansions of new
settlements.
4.3.SelectionoftheModelVariables. Theselectionofthecan-
didate variables for modeling the grassland vegetation deg-
radation has been guided by our literature review, our ﬁeld
survey, and the characteristics of our study area. Many
studies have proven that the changes in the global natural
environment have made signiﬁcant impact on vegetation
dynamics [56–58]. The critical changes in natural environ-
ment are typically exempliﬁed by global climate deterio-
rations, among which are the rising temperature and the
shortage of precipitation in grassland areas [59]. The climate
changes were regrettably not taken into consideration in our
current study due to the fact that the study area covers a
total area of only 10,000km2, which strides about 100km in
longitude and 100km in latitude. The climate data collected
at a few weather stations over the study area showed little
variations.
5. Conclusions
Vegetation degradation is an important indicator of grass-
land ecosystem health. In this study, we examined the rela-
tionship between the occurrences of vegetation degradation
and its driving factors in the Xilin River Basin, Inner Mon-
golia, China. As Stipa grandis and Leymus chinensis are the
twomostdominantgrasslandcommunitiesinthestudyarea,
their degradation patterns have important implications in
terms of grassland ecology and management. Binary logistic
regression (BLR) was used to ﬁt the nonlinear correlations
between the occurrences of vegetation degradation (depen-
dent variable) and nine independent variables over two
consecutive periods, 1985∼1998 and 1998∼2004. The inde-
pendent variables include two indicating biotic conditions
(the density of base vegetation and the normalized diﬀer-
ence vegetation index), three reﬂecting human interferences
(average grazing intensity, the distance to road network, and
the distance to settlement center), and four denoting local
habitatconditionselevation,slope,slopeorientation,andthe
distance to water (river) body.
Several important ﬁndings were suggested by the BLR
model. First, four variables, including the base vegetation
density (for SG and LC), the average grazing intensity, the
distance to road network, and the altitude, were important
determinants of grassland degradation for both plant com-
munities(SGandLC)andoverbothstudyperiods.Secondly,
some of our ﬁndings provide new insights into the causes
of grassland degradation. For instance, severe degradation
often happens in the most productive grassland; grassland
is in general resilient to degradation when grazing intensity
is kept under a certain threshold; the construction of road
networks is the most destructive factor causing grassland
degradation; the negative impact of human settlement on
grassland degradation is much signiﬁcant when the residents
are primarily herdsmen. These ﬁndings should have clear
policy implications in grassland management. Thirdly, the
BLR models have moderate accuracy levels, over 75%, in-
dicating that the BLR models are acceptable in studying
grassland vegetation degradation, but some caution should
be exercised by investigator. The models adopted in the cur-
rent study should also work for other grassland regions when
required data are available.
Finally, there are some limitations in current BLR
models that should become the focus of future research
topics or methods concerning grassland degradation. Due
to the limitation of available data, current BLR models
were implemented with periodic data (1985–1998 and 1998–
2004). The results could be more convincing and accurate
if the BLR models could be run with a yearly based dataset.
The applicability of the BLR models could be extended to a
regional scale if such variables as those which can tell spatial
variations of climate changes could be added into the BLR
models.
Acknowledgments
This research is partially supported by a grant from
the Land-Cover/Land-Use Program at NASA (Grant no.The Scientiﬁc World Journal 13
NNX09AK87G). The authors are also grateful to The Center
for Ecological Research, Institute of Botany, Chinese Acad-
emy of Sciences, for the assistance of collecting the ground
reference samples, and to Professor Tom Wagner at Eastern
Michigan University for English proofreading.
References
[1] C. W. E. Moore, “Distribution of grasslands,” in Grasses and
Grasslands, C. Barnard, Ed., pp. 182–205, Macmillan, New
York, NY, USA, 1966.
[2] F. S. Chapin, O. E. Sala, and E. Huber-Sannwald, Global Bi-
odiversity in a Changing Environment: Scenarios for the 21st
Century, Springer, New York, NY, USA, 2001.
[3] W. K. Lauenroth, I. C. Burke, and M. P. Gutmann, “The
structure and function of ecosystem in the Central North
American grassland region,” Great Plains Research, vol. 9, no.
2, pp. 223–259, 1999.
[4] S. Kr¨ opelin, D. Verschuren, A. M. L´ ezine et al., “Climate-driv-
en ecosystem succession in the Sahara: the past 6000 years,”
Science, vol. 320, no. 5877, pp. 765–768, 2008.
[5] C. He, Q. Zhang, Y. Li, X. Li, and P. Shi, “Zoning grassland
protection area using remote sensing and cellular automata
modeling—a case study in Xilingol steppe grassland in
northern China,” Journal of Arid Environments,v o l .6 3 ,n o .4 ,
pp. 814–826, 2005.
[6] N. A. Cutler, L. R. Belyea, and A. J. Dugmore, “The spatiotem-
poral dynamics of a primary degradation,” Journal of Ecology,
vol. 96, no. 2, pp. 231–246, 2007.
[ 7 ]M .D .L u i s ,J .R a v e n t ´ os, and J. C. Gonz´ alez-Hidalgo, “Post-
ﬁrevegetation successioninMediterraneangorseshrublands,”
Acta Oecologica, vol. 30, no. 1, pp. 54–61, 2006.
[8] M. M. Heras, J. M. Nicolau, and T. Espigares, “Vegetation suc-
cession in reclaimed coal-mining slopes in a Mediterranean-
dry environment,” Ecological Engineering, vol. 34, no. 2, pp.
168–178, 2008.
[ 9 ]W .T h u i l l e r ,C .A l b e r t ,M .B .A r a´ ujo et al., “Predicting global
change impacts on plant species’ distributions: future chal-
lenges,”PerspectivesinPlantEcology,EvolutionandSystematics,
vol. 9, no. 3-4, pp. 137–152, 2008.
[10] R. B. Harris, “Rangeland degradation on the Qinghai-Tibetan
plateau: a review of the evidence of its magnitude and causes,”
Journal of Arid Environments, vol. 74, no. 1, pp. 1–12, 2010.
[11] V. A. Kovdaa, “Soil loss: an overview,” Agro-Ecosystems, vol. 3,
no. 1, pp. 205–224, 1976.
[12] X.R.Li,X.H.Jia,andG.R.Dong,“Inﬂuenceofdesertiﬁcation
on vegetation pattern variations in the cold semi-arid grass-
lands of Qinghai-Tibet Plateau, North-West China,” Journal of
Arid Environments, vol. 64, no. 3, pp. 505–522, 2006.
[ 1 3 ]M .P e l l a n t ,P .L .S h a v e r ,D .A .P y k e ,a n dJ .E .H e r r i c k ,“ I n t e r -
preting indicators of rangeland health,” Technical Reference
1734–1736, U.S. Department of the Interior, Bureau of Land
Management, National Science and Technology, 2005.
[ 1 4 ]W .G .W h i t f o r d ,A .G .D eS o y z a ,J .W .V a nZ e e ,J .E .H e r r i c k ,
and K. M. Havstad, “Vegetation, soil, and animal indicators of
rangeland health,” Environmental Monitoring and Assessment,
vol. 51, no. 1-2, pp. 179–200, 1998.
[ 1 5 ]B .T .B e s t e l m e y e r ,J .E .H e r r i c k ,J .R .B r o w n ,D .A .T r u j i l l o ,
and K. M. Havstad, “Land management in the American
southwest: a state-and-transition approach to ecosystem com-
plexity,” Environmental Management, vol. 34, no. 1, pp. 38–51,
2004.
[16] T. K. Stringham, W. C. Krueger, and P. L. Shaver, States,
Transitions and Thresholds: Further Reﬁnement for Rangeland
Applications,OregonStateUniversityAgriculturalExperiment
Station, Corvallis, Ore, USA, 2001.
[17] A. Hanaﬁ and S. Jauﬀret, “Are long-term vegetation dynamics
useful in monitoring and assessing desertiﬁcation processes
in the arid steppe, southern Tunisia,” Journal of Arid Environ-
ments, vol. 72, no. 4, pp. 557–572, 2008.
[18] J .Cortina,F .T .M aestre,R.V allejo ,M.J .Baeza,A.V aldecantos,
and M. P´ erez-Devesa, “Ecosystem structure, function, and
restoration success: are they related?” Journal for Nature
Conservation, vol. 14, no. 3-4, pp. 152–160, 2006.
[ 1 9 ]F .X .W a n g ,Z .Y .W a n g ,a n dJ .H .W .L e e ,“ A c c e l e r a t i o no f
vegetation succession on eroded land by reforestation in a
subtropical zone,” Ecological Engineering,v o l .3 1 ,n o .4 ,p p .
232–241, 2007.
[20] T. Nakayama, “Factors controlling vegetation succession in
KushiroMire,”EcologicalModelling,vol.215,no.1–3,pp.225–
236, 2008.
[21] D. F. Joubert, A. Rothauge, and G. N. Smit, “A conceptual
model of vegetation dynamics in the semiarid Highland
savanna of Namibia, with particular reference to bush thick-
ening by Acacia mellifera,” Journal of Arid Environments, vol.
72, no. 12, pp. 2201–2210, 2008.
[22] A. K¨ uhner and M. Kleyer, “A parsimonious combination of
functional traits predicting plant response to disturbance and
soil fertility,” Journal of Vegetation Science,v o l .1 9 ,n o .5 ,p p .
681–692, 2008.
[23] L. Kooistra, W. Wamelink, G. Schaepman-Strub et al., “Assess-
ing and predicting biodiversity in a ﬂoodplain ecosystem:
assimilation of net primary production derived from imaging
spectrometer data into a dynamic vegetation model,” Remote
Sensing of Environment, vol. 112, no. 5, pp. 2118–2130, 2008.
[24] G. L. W. Perry and N. J. Enright, “Spatial modelling of
vegetationchangeindynamiclandscapes:areviewofmethods
and applications,” Progress in Physical Geography, vol. 30, no.
1, pp. 47–72, 2006.
[25] B. Zhao, Y. Yan, H. Guo, M. He, Y. Gu, and B. Li, “Monitoring
rapid vegetation succession in estuarine wetland using time
series MODIS-based indicators: an application in the Yangtze
River Delta area,” Ecological Indicators, vol. 9, no. 2, pp. 346–
356, 2009.
[26] D.Manuel-Navarrete,G.C.Gallop´ ın,M.Blancoetal.,“Multi-
causal and integrated assessment of sustainability: the case
of agriculturization in the Argentine Pampas,” Environment,
Development and Sustainability, vol. 11, no. 3, pp. 621–638,
2009.
[27] J. G. Canadell, D. E. Pataki, and L. Pitelka, Terrestrial
Ecosystems in a Changing World, Springer, Berlin, Germany,
2007.
[28] L. A. Garibaldi, M. Semmartin, and E. J. Chaneton, “Grazing-
induced changes in plant composition aﬀect litter quality
and nutrient cycling in fooding Pampa grasslands,” Ecosystem
Ecology, vol. 151, pp. 650–662, 2007.
[29] H. Yang, X. Li, Y. Zhang, and A. J. B. Zehnder, “eEnviron-
mental—economic interaction and forces of migration: a case
study of three counties in Northern China,” in Environmental
Change and Its Implications for Population Migration,J .D .
Unruh, M. S. Krol, and N. Kliot, Eds., pp. 267–288, Kluwer
Academic Publishers, Dodrecht, The Netherlands, 2004.
[30] U. Safriel and Z. Adeel, “Development paths of drylands:
thresholdsandsustainability,”SustainabilityScience,vol.3,no.
1, pp. 117–123, 2008.
[31] R. B. Norgaard, “The case for methodological pluralism,”
Ecological Economics, vol. 1, no. 1, pp. 37–57, 1989.14 The Scientiﬁc World Journal
[32] S. J. Rahlao, M. T. Hoﬀman, S. W. Todd, and K. McGrath,
“Long-term vegetation change in the Succulent Karoo, South
Africa following 67 years of rest from grazing,” Journal of Arid
Environments, vol. 72, no. 5, pp. 808–819, 2008.
[33] Y. Xie, Z. Sha, and M. Yu, “Remote sensing imagery in vege-
tation mapping: a review,” Journal of Plant Ecology, vol. 1, pp.
9–23, 2008.
[34] J. Gao, “Quantiﬁcation of grassland properties: how it can
beneﬁt from geoinformatic technologies?” International Jour-
nal of Remote Sensing, vol. 27, no. 7, pp. 1351–1365, 2006.
[ 3 5 ]S .M o r e a u ,R .B o s s e n o ,X .F .G u ,a n dF .B a r e t ,“ A s s e s s i n g
the biomass dynamics of Andean bofedal and totora high-
proteinwetlandgrassesfromNOAA/AVHRR,”RemoteSensing
of Environment, vol. 85, no. 4, pp. 516–529, 2003.
[36] M.L.NordbergandJ.Evertson,“Monitoringchangeinmoun-
tainous dry-heath vegetation at a regional scale using multi-
temporal landsat TM data,” Ambio, vol. 32, no. 8, pp. 502–509,
2003.
[37] R. Proulx and L. Parrott, “Measures of structural complexity
in digital images for monitoring the ecological signature of an
old-growth forest ecosystem,” Ecological Indicators, vol. 8, no.
3, pp. 270–284, 2008.
[38] Y. Bai, X. Han, J. Wu, Z. Chen, and L. Li, “Ecosystem stability
and compensatory eﬀects in the Inner Mongolia grassland,”
Nature, vol. 431, no. 9, pp. 181–184, 2004.
[39] C. Tong, J. Wu, S. Yong, J. Yang, and W. Yong, “A landscape-
scaleassessmentofsteppedegradationintheXilinRiverBasin,
Inner Mongolia, China,” Journal of Arid Environments, vol. 59,
no. 1, pp. 133–149, 2004.
[40] B. Li, S. YON, and Z. Li, “The vegetation of the Xilin River
Basin and its utilization,” in Research on Grassland Ecosystem,
Inner Mongolia Grassland Ecosystem Research Station, Ed.,
vol. 3, pp. 84–183, Science Press, Beijing, China, 1988.
[41] M.-Y. Xu, K. Wang, and F. Xie, “Eﬀects of grassland manage-
ment on soil organic carbon density in agro-pastoral zone of
Northern China,” African Journal of Biotechnology, vol. 10, pp.
4844–4850, 2011.
[42] A. Kang, “Reﬂections on the degradation, desertiﬁcation and
soil erosion in Xilingol grassland,” Water Resource Develop-
ment Research, vol. 2, pp. 36–38, 2002.
[43] K. Kawamura, T. Akiyama, H. O. Yokota et al., “Quantifying
grazing intensities using geographic information systems and
satellite remote sensing in the Xilingol steppe region, Inner
Mongolia, China,” Agriculture, Ecosystems and Environment,
vol. 107, no. 1, pp. 83–93, 2005.
[44] Z. Sha, Y. Bai, Y. Xie, M. Yu, and L. Zhang, “Using a hybrid
fuzzy classiﬁer (HFC) to map typical grassland vegetation in
Xilin River Basin, Inner Mongolia, China,” International Jour-
nal of Remote Sensing, vol. 29, no. 8, pp. 2317–2337, 2008.
[45] M. M. Borman and D. A. Pyke, “Degradational theory and the
desired plant community approach,” Rangelands, vol. 16, pp.
82–85, 1994.
[46] Y. Xie, Z. Sha, and Y. Bai, “Classifying historical remotely
sensed imagery using a tempo-spatial feature evolution (T-
SFE) model,” ISPRS Journal of Photogrammetry and Remote
Sensing, vol. 65, no. 2, pp. 182–190, 2010.
[47] E. Meijering and M. Unser, “A note on cubic convolution
interpolation,” IEEE Transactions on Image Processing, vol. 12,
no. 4, pp. 477–479, 2003.
[48] W. Tobler, “A computer movie simulating urban growth in
the Detroit region,” Economic Geography, vol. 46, pp. 234–240,
1970.
[ 4 9 ]G .S .B i l o t t a ,R .E .B r a z i e r ,a n dP .M .H a y g a r t h ,“ T h ei m p a c t s
of grazing animals on the quality of soils, vegetation, and
surface waters in intensively managed grasslands,” Advances in
Agronomy, vol. 94, pp. 237–280, 2007.
[50] A. R¨ oder, T. Udelhoven, J. Hill, G. del Barrio, and G. Tsiourlis,
“Trend analysis of Landsat-TM and -ETM+ imagery to
monitor grazing impact in a rangeland ecosystem in Northern
Greece,” Remote Sensing of Environment, vol. 112, no. 6, pp.
2863–2875, 2008.
[51] L. J. Blanco, M. O. Aguilera, J. M. Paruelo, and F. N.
Biurrun, “Grazing eﬀect on NDVI across an aridity gradient
in Argentina,” Journal of Arid Environments,v o l .7 2 ,n o .5 ,p p .
764–776, 2008.
[52] Y. Bai, J. Wu, Q. Xing et al., “Primary production and rain
use eﬃciency across a precipitation gradient on the Mongolia
Plateau,” Ecology, vol. 89, no. 8, pp. 2140–2153, 2008.
[53] D. Y. Xu, X. W. Kang, D. F. Zhuang, and J. J. Pan, “Multi-scale
quantitative assessment of the relative roles of climate change
and human activities in desertiﬁcation—a case study of the
Ordos Plateau, China,” Journal of Arid Environments, vol. 74,
no. 4, pp. 498–507, 2010.
[ 5 4 ]K .J .W e s s e l s ,S .D .P r i n c e ,P .E .F r o s t ,a n dD .V a nZ y l ,
“Assessing the eﬀects of human-induced land degradation in
the former homelands of northern South Africa with a 1km
AVHRR NDVI time-series,” Remote Sensing of Environment,
vol. 91, no. 1, pp. 47–67, 2004.
[55] X. Cui, Y. Wang, H. Niu et al., “Eﬀect of long-term grazing
on soil organic carbon content in semiarid steppes in Inner
Mongolia,” Ecological Research, vol. 20, no. 5, pp. 519–527,
2005.
[56] D. D. Breshears, N. S. Cobb, P. M. Rich et al., “Regional
vegetation die-oﬀ inresponse to global-change-type drought,”
Proceedings of the National Academy of Sciences of the United
States of America, vol. 102, no. 42, pp. 15144–15148, 2005.
[57] S. Sitch, C. Huntingford, N. Gedney et al., “Evaluation of the
terrestrial carbon cycle, future plant geography and climate-
carbon cycle feedbacks using ﬁve Dynamic Global Vegetation
Models (DGVMs),” Global Change Biology, vol. 14, no. 9, pp.
2015–2039, 2008.
[58] D. J. Beerling, “Long-term responses of boreal vegetation to
global change: an experimental and modelling investigation,”
Global Change Biology, vol. 5, no. 1, pp. 55–74, 1999.
[59] L. Yahdjian and O. E. Sala, “Climate change impacts on South
American rangelands,” Rangelands, vol. 30, no. 3, pp. 34–39,
2008.